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Abstract Conflict resolution has always been a sensitive matter in air-traffic management. Current European projects
aim partial or total automation of air traffic control to deal with the constant growth of air traffic. Technological advances
on flight management system allows us to consider an automatic conflict resolution using continuous trajectories. In
this paper, we present a new methodology that, first, relies on B-splines to model trajectories, secondly models air-traffic
conflict resolution as an optimization problem whose decision variables are the spline control points. Finally, we use
genetic algorithms to tackle this optimization problem in order to generate optimal conflict-free situations.
Keywords Air traffic conflict resolution, genetic algorithm, B-Spline approximation
1 INTRODUCTION
From the beginning, the most critical point of air
traffic control was to ensure safety separation between
airplanes. To achieve this goal a safety standard sep-
aration distance has been defined: 5 Nm (Nautical
miles) horizontally and 1000 feets vertically. Air traf-
fic controllers are responsible for ensuring the respect
of these separation rules.
1.1 Context
Air traffic being constantly increasing, controllers
in charge of an aviation sector must handle more and
more flights. Up to now, decreasing the size of avi-
ation sectors could compensate the growth of traffic
but we are reaching the point where a decrease of the
size of sectors is no longer efficient.
Nowadays, air traffic management has already used
every available ressource to increase airspace capac-
ity. However, from now to 2020, air traffic is expected
to be multiplied by two or three. Consequently, air
traffic management (ATM) will have to deal with this
overload while ensuring at least equivalent standards
of safety [1]. The SESAR European project aims at
finding solutions to this problem by providing a de-
cision support to air traffic controllers in order to de-
crease their workload. Considering the technologi-
cal advances on the aircraft flight management system
(FMS), we will explore in this paper the possibility of
a full automation generating continuous trajectories
that new FMS can follow.
1.2 Previous Related Works
Eversince 1981 and the famous air traffic US con-
troller strike (where more then 6000 controllers were
fired by Ronald Reagan), numerous projects of air
traffic control (ATC) automation have been led. How-
ever, no definitive results have been found. Two kinds
of method have become predominant for their good
results : genetic algorithms (GA) [3] and navigation
functions [8]. By the past, two kinds of method have
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Figure 2 Control points, its convex envelope, control
polygon and resulting B-spline
Figure 1 Principle of navigation functions between
two aircrafts (left), between an aircraft and an obsta-
cle (right)
become predominant in automatic air traffic conflict
resolution for their good results : genetic algorithms
(GA) [3] and navigation functions [8]. Genetic al-
gorithms are part of what is known as natural com-
putation or evolutionary methods. This optimization
method is based on the evolution theory and uses con-
cepts such as mutation, crossover and, of course, se-
lection. Each possible solution of our optimization
problem is encoded as a chromosome via a specific
encoding (for example, number and duration of sim-
ple maneuvers). The algorithm creates randomly a
first chromosome population. Each chromosome abil-
ity to solve the problem (fitness) is then evaluated.
The best individuals (according to their fitness) are
selected and mutation, crossover are applied to obtain
a new population of chromosome (next generation).
The user chooses the necessary generation number
for the algorithm to converge (this choice is usually
done empirically). The obtained trajectories’ velocity
stays within acceptable bounded range with respect
to ATM operational constraints. However, these tech-
niques have not been tested yet with curved trajecto-
ries.
Navigation functions use a different representa-
tion. Indeed, the airspace is considered as a poten-
tial field, and airplanes like particles navigating in it.
Naturally, negative charges represent obstacles to the
airplane (other aircrafts, congested areas) and positive
charges, its destination. As a result, each airplane is
attracted to its destination while being repulsed by ob-
stacles which enables to the automatic generation of
conflict-free trajectories (see figure 1).
It has been demonstrated that navigation function
methods ensure collision avoidance and connection
between departure and destination. The major draw-
back of this method is that the obtained solution does
not respect the ATM constraints such as limited speed,
or trajectory smoothness. Evenmore, they can lead to
major delays and overcosts as they tolerate any devi-
ation from the business trajectories (BT : the straight
line between the departure and arrival points).
In this paper, we present a new methodology that,
first, relies on B-splines to model trajectories, sec-
ondly models air-traffic conflict resolution as an op-
timization problem whose decision variables are the
spline control points. Finally, we use genetic algo-
rithms to tackle this optimization problem in order to
generate optimal conflict-free situations.
We present our trajectory model in Section 2. Sec-
tion 3 presents the optimization method we chose to
solve our optimization problem: genetic algorithms
(GA). We detail in Section 4 the objective function
(conflict detection) of our optimization problem. Nu-
merical results are presented in Section 5. We draw
conclusions in Section 6.
2 TRAJECTORY MODEL
In this section, we will describe our B-spline tra-
jectory model. We choose a smooth trajectory model
fitted to future FMS abilities. In order to obtain FMS
flyable trajectories, we use B-splines, the mathemati-
cal tool which provides the most interesting properties
for our concerns. We shall first present the B-spline
concept and then we shall describe how we use it in
our model.
B-spline was primarily introduced to find a curve
interpolating a set of points of R2 called control points.
It was later extended to approximation, thereby avoid-
ing the undesirable oscillation inherent to interpola-
tion. In our study, we shall focus on this use of splines
to approximate a set of control points. The control
polygon, the piecewise linear curve linking the con-
trol points, completely defines the curve [7], [5]. The
B-spline curve always remains in the convex envelope
of the control points (see figure 2).
Basically, B-splines are parameterized curves gen-
eralizing the Bezier curve concept. It is an efficient
approximation tool which is constructed from polyno-
mial pieces joined at certain parameter’s values called
knots, stored in a knot vector. In a very simplified
way, if we consider a set of control points (Xi,Yi) =
Pi ∈ R2(i = 0, 1, ..., n), and a parameter u, we can
define the B-spline as follows :
C(u) = (σx(u), σy(u)), u ∈ [a, b]
2
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Figure 3 In bold, we have the B-splines functions used
to calculate the B-spline for u ∈ [1, 2] (the only ones
with nonzeroes values on this interval)Control points,
its convex envelope, control polygon and resulting B-
spline
where σx(u) and σy(u) are the B-splines approx-
imations of the couples (i, Xi)i=0:n and (i,Yi)i=0:n for
u ∈ [a, b] . We choose to rely on B-splines modeling
trajectories because it is a very efficient tool for curve
approximation in terms of both approximation quality
and computational time. Moreover, B-splines feature
interesting properties such as C2-continuity (crucial
for modeling smooth aircraft trajectories, robustness
and flexibility and the use flexibility (if one control
point is displaced, only a small part of the curve will
be affected).
Theoretically, the B-spline is calculated using the
B-spline function basis. To build it, we use the inter-
polation natural cubic spline of the following points:
(−2, 0),(−1, 16 ), (0, 23 ), (1, 16 ), (2, 0), and its translation.We
obtain the basis represented in Figure 3.
Theoritically, the curve is calculated by multiply-
ing the B-splines basis functions by the control points
coordinates. For σx:
σx(u) =
n+1∑
i=−1
XiBi(u) (1)
However, in practice, Bi construction is made by
recurrence. Consequently, we used a more numeri-
cally convenient way to calculate the B-spline values
only using control points values. The B-spline and its
derivative values at knot ui are defined by :
σi =
Xi+1+4Xi+Xi−1
6 σ
′
i =
Xi+1−Xi−1
2h
σ′′i =
Xi+1−2Xi+Xi−1
h2 σ
′′′
i =
Xi+2−3Xi+1+3Xi−Xi−1
h3
(2)
Therefore, by using Taylor series, we obtain the
B-spline value for all u ∈ [ui,i+1 ] :
σx(u) = σxi + (u−ui)(σ′xi + (u−ui)(
σ′′xi
2
+ (u−ui)
σ′′′xi
6
))
(3)
We have analogous formulae forσy. We choose to
rely on B-spline modeling trajectories because it is a
very efficient tool for curve approximation in terms of
both approximation quality and computational time.
Moreover, B-splines feature interesting properties such
as C2-continuity (crucial for modeling smooth aircraft
trajectories), robustness and flexibility (if one control
point is displaced, only a small part of the curve will
be affected). The last good point in favor of B-splines
is its compatibility with GA : the curve is completely
determined by few control points only, which will be
the optimization parameters of the GA. In our study,
we use a fixed maximal number of control points be-
tween the departure and the arrival points.
3 OPTIMIZATION METHOD
When several aircraft are involved in a conflict,
the conflict resolution problem has been shown to be
NP-hard [3]. Moreover, the optimization variables
being the B-splines control-point location, we shall
see that our objective function (4) is not differentiable
with respect to these variables. Consequently, we must
rely on black box (direct) optimization methods to ad-
dress our problem. In this paper, we choose to use
a stochastic global optimization method, genetic al-
gorithms, to guide the control-point location. As we
mentioned in the previous part, GA seem to be ap-
propriate with B-splines. In this section, we explain
briefly GA theory and then we shall detail how we
adapt the different operators (selection, mutation and
crossover) to our air traffic conflict resolution prob-
lem.
3.1 Basis of Genetic Algorithms
Evolutionary algorithms use techniques inspired
by evolutionary biology such as inheritance, muta-
tion, natural selection, and recombination (or crossover)
to find approximate solutions to optimization prob-
lems [4], [6]. An individual, or solution to the prob-
lem to be solved, is represented by a list of parame-
ters, called chromosome or genome. Initially several
such individuals are randomly generated to form the
first initial population (POP(k) with k = 0 on Fig-
ure 4).
Then each individual is evaluated, and a value of
fitness is returned by a fitness function (generally, the
objective function of our optimization problem). This
initial population undergoes a selection process which
identifies the most adapted individuals. The selection
process which has been used in our experiments is a
deterministic (λ, µ)-tournament selection. This selec-
tion begins by randomly selecting λ individuals from
the current population POP(k) and keeps the µ bests
(λ > µ). These two steps are repeated until a new
intermediate population (POPi) is completed. Fol-
lowing selection, one of the three following operators
is applied : nothing, crossover, and mutation. The
associated probability of application are respectively
(1 − pc − pm)), pc and pm. Crossover results in two
3
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Figure 5 Chromosome coding. In such exemple 3 air-
craft are involved in a conflict and for each of them the
coding contains le list of the control points which de-
fine the associated trajectory (here 4 control points).
Figure 6 Chromosome encoding and corresponding
B-spline with one percentage exceeding 100%
POP i
Tournament
Selection
λ
µ
POP(k)
Crossover
Pc
Mutation
Pm1−(Pm+Pc)
POP(k+1)
Nothing
Figure 4 Genetic algorithm with tournament selec-
tion. The first step consists in the selection of the best
individuals from population POP(k). Afterwards, re-
combination operators are applied in order to produce
the POP(k + 1) population.
new child chromosomes, which are added to the next
generation population. The chromosomes of the par-
ents are mixed during crossover. These processes ul-
timately result in the next generation population of
chromosomes (POP(k+1) on Figure 2) that is differ-
ent from the initial generation. This generational pro-
cess is repeated until a termination condition has been
reached. The next section presents the application of
this algorithm to our specific problem.
3.2 Chromosome Encoding and Fitness Calculus
In this section we detail the link between our mod-
eling method and genetic algorithms. Indeed, our op-
timization method is using B-splines to calculate the
aircraft trajectories in order to determine each individ-
uals fitness. To define this interaction, we first define
an encoding.
A chromosome will represent the trajectories of
N aircrafts using a matrix of N × Nc where Nc is the
maximal number of control points we wish to con-
sider. For example, the case where N = 3 airplanes
and Nc = 4 we encode the trajectories as shown on
figure 5.
Obviously, departure and arrival points are not en-
coded in the chromosome as they are not meant to
move, they are not optimization variable.
Let us now define precisely how we specify the
control points P ji . We want a compromise between
allowing the trajectory to deviate freely (in any direc-
tions) from the business trajectory (BT) and staying
as close as possible from it. For that purpose, we de-
fine a fixed width band (Dmax), depending on the BT
length (Dtot), around the BT trajectory where the con-
trol points are allowed to lie.
A matter for the control point location is that, if
there are all gathered in the same region, it can create
oscillations on the resultant trajectory. Consequently,
we distribute uniformly the control points along the
BT.
To summarize, a control point can be defined by a
single parameter representing a bandwidth percentage
(± dDmax % ).
Moreover, it is desirable to be able to have a differ-
ent number of control points for a given chromosome.
In order to satisfy this goal, we used a convention:
percentage are generated within [−200%; 200%], if
the percentage is between −100% and 100%, then we
create a control point, if it belongs to [−200%;−100%[
∪[100%; 200%], we do not. Consequently, our chro-
mosome is a N × Nc matrix of percentage. Several
cases are presented in Figure 6 and 7.
3.3 Crossover and Mutation
Let us now describe how we adapted the genetic
operators we use in our GA.
Figure 7 Another chromosome encoding and its cor-
responding B-spline with both percentages within
[−100%,−100%]
4
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MUTATION
Figure 9 Initial and mutated chromosome. In this ex-
ample the fourth control point has been change on the
second aircraft trajectory.
Figure 10 Conflict detection basic illustration
CROSSOVER
Child 1 Child2
Parent 2Parent 1
Figure 8 Parent and children chromosomes. In this
example, the third aircraft trajectory has been ex-
changed between chromosomes.
3.3.1 Slicing crossover
The crossover operator aims at finding better so-
lutions by mixing two good individuals of the previ-
ous generation. Therefore, we decide to keep trajec-
tory consistencies by inverting only complete trajec-
tories using a slicing crossover (we do not separate
control points belonging to the same trajectory). Ac-
cordingly, the crossover consists in picking a plane
number randomly and inverting the parent trajecto-
ries corresponding to the next aircrafts. An example
is given in Figure 8 :
3.3.2 Mutation
The mutation operator aims at diversifying the genes
in the population in order to explore as much as pos-
sible the problem space. Thus, mutation consists in
choosing randomly one control point in the chromo-
some and to assign to it a new random number (using
a uniform distribution) in the interval [−200%; 200%].
(see Figure 9).
4 OBJECTIVE FUNCTION :
CONFLICT DETECTION
METHOD
In order to evaluate each chromosome fitness, we
decode it into N trajectory curves (one per aircraft)
and evaluate two quantities. First, how many conflicts
the situation engenders and secondly what is the total
extra distance induced with respect to the BT. To cal-
culate these quantities, we discretize the airspace into
square cells of size half the standard separation (noted
d). Our conflict detection is performed in two steps :
• First, for each airplane, we store the grid’s cells
through which the aircraft flies, the aircraft num-
ber (its label), the entry and exit times in and
out each of the stored cell,
• Then, we select each stored cell and we check
whether any other airplane goes through any of
the eight neighboring cells for other airplanes.
If there are such airplanes, we check the time
to see whether there is a conflict between these
two airplanes. If so, we calculate the conflict
duration.
An example of a conflict detection with two air-
planes is given in Figure 10. The circle represents the
approximate conflict zone, the bold cells are the cells
where spatial conflict is detected and where time con-
flict must be checked. d = S ep standard2
Our conflict detection procedure send back the chro-
mosome fitness to the GA. Here is the formula we use
to calculate the fitness:
f (X) = −(CN + (
N∑
i=1
NRi
BTi
− N)) (4)
5
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Figure 12 The roundabout configuration after resolu-
tion
Figure 13 The fitness evolution with respect the gen-
eration
Figure 11 The 16-aircraft roundabout configuration
where CN is the number of conflict, NRi the length
of the new route calculated by the algorithm for the
aircraft i, while BTi the length of the business tra-
jectory (straight line from the departure to the arrival
point) and N the number of aircraft. High fitness cor-
responds to good individuals. Indeed, the lower are
the number of conflict and the route lengthening, the
better is the chromosome.
5 RESULTS AND PERSPECTIVES
In this section, we present several results we ob-
tained using our methodology. First, we test our method
on the roundabout test problem which is a very com-
mon test on automatic conflict-detection method. It
consists in making a certain number of planes fly to
the diametrically opposed point at a common speed
(each point on the circle has an outgoing and an in-
coming trajectory).
A diagram of the situation is shown in Figure 11
10 (each point on the circle has an outgoing and an
incoming trajectory) :
We choose to fly N = 16 aircrafts for results’
readability) equidistributed on a circle of 100Nm(=
185200m) radius To address this conflict resolution,
we use the following parameters :
• Number of generation : 100
• Size of the population : 500
• Mutation probability : pm = 0.3
• Crossover probability : pc = 0.6
• Maximal number of control points : Nc = 2
To compute the conflict resolution, we used a 2.53GHz
Intel(R) Core(TM)2 Duo on a Windows Vista Oper-
ating System and we coded in Java. The obtained
conflict-free situation is presented in meter-scale (1Nm =
1852m) in Figure 12. This whole resolution compu-
tation required approximately 4 minutes.
The fitness’ evolution with respect to generations
is shown in Figure 13. The fitness is meant to in-
crease to 0 as formula (4) shows. Moreover, when
the fitness is in [−1, 0] the situation is conflict-free.
Consequently, the algorithm stops only when the best
individual fitness is in [−1, 0].
Although one can easily solve intuitively this aca-
demic problem due to its symmetry, our automatic
implementation does not exploit any symmetry here.
This result shows that our methodology is promising
as the obtained conflict resolution is consistent with
experts’ experience.
We also test our methodology on a more realistic
operational problem where N = 15 aircrafts are in-
volved in a fuzzy convergence. In this situation, for
each aircraft, we have its departure point, its head-
ing and its speed. To calculate the arrival points, we
make the 15 aircrafts fly for one hour at a constant
speed, on a straight line following the initial direction
(heading). We present the conflict-free situations our
algorithm obtains is displayed in Figure 14.
We can see on Figure 15 that on an operational
application, our method converges far more rapidly in
6
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Figure 14 The operational problem after resolution
Figure 15 The fitness evolution with respect the gen-
eration
three generations (90 generations for the roundabout
test problem). This results shows that our method can
be very efficient from an operational point of view.
Indeed, in operational problems, there are never more
than four aircrafts involved in the same conflict. Con-
sequently, our algorithm will be able to deal very effi-
ciently with operational air traffic. For this situation,
we used a different number of generations because of
its extremely quick convergence (number of genera-
tion: 20). Moreover, we can see that few aircrafts
are deviated, which is consistent with a controller be-
haviour, who would prefer to deviate largely one air-
craft instead of deviating lightly several aircrafts to
solve conflicts.
6 CONCLUSION
We have shown in this paper that the combination
of B-splines and genetic algorithms can be a promis-
ing methodology for automatic conflict resolution in
air traffic control. However, we have in mind sev-
eral developments to improve our approach such as
using sharing in GA (deals with equirepartition of the
population on the different maximums) in our GA or
implementing a self-adaptative GA (every parame-
ter such as bandwidth, control points’ number, etc
will be considered within the chromosome encoding,
as proper optimization variables). Furthermore, we
plan to exploit our B-spline model of trajectory to ad-
dress the conflict resolution problem with determinis-
tic derivative-free optimization methods [2]. Indeed,
despite the local aspect of these methods, they can
also be adapted to global optimization.
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